Abstract -Robust clutter filtering is essential for ultrasound small vessel imaging. Eigen-based clutter filtering techniques have recently shown great improvement in clutter rejection over conventional clutter filters in small animals. However, for in vivo human imaging, eigenbased clutter filtering can be challenging due to the complex spatially-varying tissue and noise characteristics. To address this challenge, we present a novel block-wise adaptive singular value decomposition (SVD) based clutter filtering technique. The proposed method divides the global plane wave data into overlapped local spatial segments, within which tissue signals are assumed to be locally coherent and noise locally stationary. This, in turn, enables effective separation of tissue, blood and noise via SVD. For each block, the proposed method adaptively determines the singular value cutoff thresholds based on local data statistics. Processing results from each block are redundantly combined to improve both the signal-to-noise-ratio (SNR) and the contrast-to-noise-ratio (CNR) of the small vessel perfusion image. Experimental results show that the proposed method achieved more than two-fold increase in SNR and more than three-fold increase in CNR in dB scale over the conventional global SVD filtering technique for an in vivo human native kidney study. The proposed method also showed substantial improvement in suppression of the depth-dependent background noise and better rejection of near field tissue clutter. The effects of different processing block size and block overlap percentage were systematically investigated as well as the tradeoff between imaging quality and computational cost.
flow signals from fine vessels [1] , [2] . The rich spatial and temporal content of plane wave imaging data also facilitates better separation of blood and tissue signals when using advanced clutter filtering techniques such as eigen-based clutter filters [3] [4] [5] [6] [7] [8] . Unlike traditional clutter filters that are solely based on high-pass temporal filtering [9] , eigen-based clutter filters utilize the underlying differences in speckle strength and spatiotemporal characteristics of tissue and blood signals for better clutter rejection [3] . After performing a certain type of rank-revealing matrix decompositions such as singular value decomposition (SVD), tissue signals typically reside in the large spectral components (i.e. high singular values) because of the high speckle strength and temporal coherence, while blood signals are typically found in the lower spectral components (i.e. medium to low singular values) due to the relatively low speckle brightness and temporal coherence. The lowest singular values will be mostly noise.
Tissue and blood signals (and to some extent noise) can then be readily separated via a low-rank matrix projection such as singular value thresholding (SVT) [3] .
The combination of eigen-based clutter filtering and plane wave imaging was recently proposed by Demené et al. for high sensitivity functional ultrasound imaging [7] . A significant improvement of clutter rejection and small vessel delineation was demonstrated over the traditional high-pass clutter filtering. In [7] , the eigen-based clutter filtering was performed in a global fashion where a SVD was applied to the entire three-dimensional data set (two dimensions in space and one dimension in time) obtained from the whole imaging field-of-view (FOV), with the implicit underlying assumption that noise within the spatial FOV follows an independent and identically distributed (i.i.d.) complex Gaussian distribution. While this assumption may be valid for functional ultrasound brain imaging in mice, where the imaging FOV is small and shallow, this assumption is typically violated for in vivo human imaging because of the complex tissue characteristics and spatially varying nature of noise within the FOV due to depth-dependent ultrasound attenuation [10] . Figure 1 shows an example of using plane wave imaging and the global SVD clutter filter approach proposed in [7] for in vivo human native kidney perfusion imaging. One can readily see the spatiallyvarying background noise which amplifies proportional to spatial position from the transducer and overwhelms the kidney blood flow signal. This was not observed in [7] because a transplanted kidney was imaged with a much shallower depth. Moreover, in Fig. 1 , one can see that the near field subcutaneous tissue could not be completely removed by the global SVD clutter filter. The spatially-varying nature of noise 0278-0062 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information. demonstrated in Fig. 1 is typical for plane wave imaging due to the lack of transmit focusing and depth-dependent ultrasound attenuation, and can significantly compromise the performance of SVT [11] [12] [13] due to its implicit presumption about i.i.d. Gaussian noise in the data. Meanwhile, although the sensitivity to small vessel flow signals is greatly improved thanks to the large amount of temporal ensembles acquired by plane wave imaging, the cumulative amount of noise is also increased. This can be a major issue for in vivo human imaging as shown in Fig. 1 , yet no solution has been proposed from previous studies using eigen-based clutter filters [3] [4] [5] [6] [7] .
To address these challenges with existing SVD-based clutter filtering techniques for plane wave small vessel imaging, in this paper we propose a new block-wise local SVD clutter filtering technique with adaptive SVT based on local data statistics. A block-wise local SVD clutter filter with adaptive SVT operates on local data blocks such that: 1) the local noise distribution within the block is approximately i.i.d. Gaussian which enables robust low rank matrix estimation; 2) singular value cutoff thresholds for tissue-blood and bloodnoise separation can be adaptively determined based on the local signal and noise characteristics for improved separation of the tissue, the blood, and the noise; 3) the signal-tonoise-ratio (SNR) of the small vessel Doppler image can be further improved due to the redundant nature of the overlapped block decomposition. In this study, we also present a novel adaptive threshold selection strategy for SVT that can robustly determine singular value cutoff thresholds to extract blood signals from both tissue and noise.
The paper is structured as follows: we first introduce the block-wise local SVD clutter filtering method with adaptive SVT. Due to the difficulties of constructing reliable small vessel imaging phantoms, the same set of in vivo kidney data shown in Fig. 1 was used as the testing data throughout the paper. Different block sizes and block overlap percentages were evaluated to investigate the optimal block size and the tradeoff between SNR gain and computational costs. We conclude the paper with discussion and conclusions.
II. MATERIALS AND METHODS

A. Principles of Local SVD Clutter Filtering With Adaptive Singular Value Thresholding
For small vessel high frame plane wave imaging, the typical data matrix is three-dimensional, with two dimensions in space (N x and N z ) and one dimension in time (N t ), as in Fig. 2(a) . For the in vivo kidney data used in this study, a linear array transducer L11-4v (Verasonics Inc., Kirkland, WA) was used to transmit a diverging beam with center frequency of 5 MHz to form a sector-shaped FOV for abdominal imaging. A 10-angle spatial compounding (−9 • to 9 • ) was used to improve imaging SNR [14] . The post-compounding ensemble size was 450 (i.e. N t = 450) with an effective pulse-repetitionfrequency (PRF) of 500 Hz (total data acquisition duration = 900 ms), with N x = 352 and N z = 590 (lateral pixel resolution = 0.246 mm; axial pixel resolution = 0.123 mm). The full data set is then decomposed into local small blocks with dimensions of n x by n z by n t (n x ≤ N x , n z ≤ N z , n t ≤ N t ). The blocks are spatially overlapped by n x in lateral direction and n z in axial direction, with 0 ≤ n x ≤ n x − 1 and 0 ≤ n z ≤ n z − 1. For the 3-D data within each block, the local data is reshaped to a 2-D Casorati matrix with dimensions of n x · n z by n t , followed by a singular value decomposition (SVD), yielding a matrix D (min(n x ·n z , n t ) by min(n x ·n z , n t )) containing the singular values in the diagonal and two unitary matrices U (n x · n z by min(n x · n z , n t )) and V (n t by min(n x · n z , n t )) containing the singular vectors corresponding to each singular value. 1) Low-Order Singular Value Thresholding: To reject tissue signal from blood signal, a low-order singular value cutoff threshold needs to be determined. Here we combine two classic SVD clutter filtering approaches presented in [3] and [6] to determine the low-order singular value cutoff threshold: 1) the gradient of the singular value curve shown in Fig. 2(c) is calculated to identify a turning point (cutoff 1A) from which the curve begins to flatten; 2) the singular vector Doppler frequency curve shown in Fig. 2(d) is used to search for a point (cutoff 1B) beyond which the Doppler frequency exceeds a pre-defined tissue motion frequency threshold (e.g. 10 Hz); 3) the greater singular value order of the cutoffs 1A and 1B is used as the low-order singular value cutoff for differentiation of the tissue and blood signals. For the example shown in Figs. 2(c) and (d), cutoff 1A was 32, cutoff 1B was 31, and thus a final cutoff of 32 was used as the low-order singular value cutoff threshold for this specific block. 2) High-Order Singular Value Thresholding: To remove singular values that are mainly corresponding to noise, a high-order singular value cutoff needs to be determined. Here we use the principles of the Marčenko-Pastur distribution which describes the singular value distribution of an i.i.d. Gaussian random matrix [16] , [17] . Assuming Gaussian noise distribution within the local data block, the high-order singular values corresponding to noise should follow a linear distribution under the logarithm scale (e.g. the part of the curve beyond singular value order of 200 in Fig. 3(a) ). By linearfitting this part of the singular value curve, one can obtain a turning point from which the singular value curve begins to deviate from the fitted linear line, as shown in Fig. 3(a) . This turning point can be used as a cutoff threshold differentiating blood signal from noise. To determine the portion of the singular value curve that can be used for linear fitting, a pre-cutoff point is first determined from the singular vector Doppler frequency curve shown in Fig. 3(b) . The flat portion of the curve in Fig. 3 (b) is used to calculate an averaged noise Doppler frequency threshold and a pre-cutoff point is determined at which the frequency curve hits the noise threshold for the first time. In this example, the pre-cutoff point was 235. Therefore, the singular value curve from order 235 and beyond was used for linear fitting, and a final cutoff value of 133 was determined as the high-order singular value threshold for this block.
3) Reconstruct Global Flow Signals From Blocks: Within each block, the clutter filtering was performed by forcing the singular values that are outside of the low-and high-order cutoff thresholds to zero, followed by an inverse SVD calculation [3] , [7] . For each pixel, the final blood flow signal S(x, z) is given by:
where N is the total number of overlapped blocks containing the target pixel (x, z), S n is the clutter-filtered signal from block n, and λ are the remaining singular values corresponding to blood signal. Finally, the power Doppler signal is calculated by cumulating the power of the blood signal along the temporal direction and displayed on the decibel scale [18] , as shown in Fig. 4 (a). 
B. Experimental Investigation of the Optimal Processing Block Size and Block Overlap Percentage
The size of the local processing block balances the tradeoff between the demands of locally homogenous data statistics and robust SVD calculation: if the block size is too big, the noise variance may change within the region of interest and the issues raised by global SVD filtering mentioned above will appear; if the block size is too small and consequently n x · n z < n t , then SVT may not be reliable due to insufficient degrees of freedom. Therefore, an optimal block size needs to be determined first. Second, the size of the block overlap balances the tradeoff between the image quality and computational cost: large overlap percentage (small step size) can potentially improve the smoothness of the data, lower the variance by more averaging, and improve contrast-to-noiseratio (CNR) and signal-to-noise-ratio (SNR), with the sacrifice of computational speed [19] . To systematically investigate these effects, various block sizes (22, 30, 40 , 50, 60, 70, 80, 90, 100, 110, 150, and 200 pixels in each dimension for a square block) were first tested with fixed step size of 5 pixels. The smallest block size of 22 was chosen so that n x · n z is greater than n t = 450. The effect of block overlap percentage or step size was then investigated by using the optimal block size and varying the number of overlapped pixels between blocks. In addition to qualitative visual observation of the final power Doppler images with different block and overlap pixels, quantitative SNR and CNR of the image were also measured based on Fig. 4(b) : the SNR is given by:
whereS blood is the mean blood signal (indicated by the regions-of-interest (ROIs) within the white dashed lines), and σ noise is the standard deviation of the background noise (indicated by the ROI inside the green dashed box); the CNR is given by:
whereS background is the mean background clutter signal indicated by the regions within the yellow ROI but outside of the white dashed ROIs. Both SNR and CNR were converted to decibel scale. The same set of ROIs was used throughout the paper for clutter filtering performance evaluation. The computational cost was recorded based on a work station with two Intel ® Xeon ® E5-2650 processors (2.30 GHz) and running Matlab (version R2013b, MathWorks, Natick, MA).
C. Background Noise Equalization for the Global SVD Approach
Due to the lack of transmit focusing of diverging waves, the lower-half of the power Doppler image processed by the global SVD filter has significantly lower SNR than the upper-half of the image and appears to be noise-saturated (Fig. 1) . To alleviate the background noise for the global SVD filtering, we used a reference phantom (CIRS Inc., Norfolk, VA. Attenuation = 0.5 dB/cm/MHz; sound speed = 1540 m/s) to collect one set of reference data using the same ultrasound sequence as in the in vivo data. The same global SVD processing was applied to the reference data. Because no blood flow signal was present in the phantom, the majority of the remaining signal after global SVD filtering was noise, as shown in Fig. 5(a) . We then used the noise field derived from the reference phantom to equalize the power Doppler image (i.e. dividing by the noise field), as shown in Fig. 5(b) . The noise equalization provides a more uniform power Doppler image for the global SVD method, facilitating better comparisons between the global SVD method and the proposed block-wise adaptive approach.
III. RESULTS
Low-Order and High-Order Singular Value Thresholding Figure 6 shows the step-by-step filtering results of the proposed method. Before clutter filtering, the blood signal is completely overwhelmed by the strong tissue signal (Fig. 6(a) ) and no vessels can be observed. For local SVD adaptive clutter filtering, a square block size of 80 pixels with 75 overlapping pixels was used. After low-order SVT (step 1a in the Methods section), the tissue signal can be mostly removed (Fig. 6(b) ). However, there is still significant noise in the image that deteriorates the contrast of the vessel signals. After high-order SVT (step 1b), the image quality is substantially improved with significantly reduced noise. The contrast of the image is greatly enhanced. Using the measurement ROIs defined above, the SNR and CNR are 28.3 dB and 14.5 dB respectively for the vessel signals with only low-order SVT, as compared to 33.5 dB and 25 dB for the vessel signals with both lowand high-order SVT. These results suggest that while it is critical to use low-order SVT to reject tissue clutter, it is also important to use high-order SVT to reject noise for improved SNR and CNR of small vessel imaging using high frame-rate plane waves with large ensembles.
Global SVD Clutter Filtering vs. Block-Wise Adaptive Local SVD Filtering Figure 7 shows the comparison results between the global SVD clutter filtering method [7] , the noise-equalized global SVD method, and the proposed block-wise adpative local SVD clutter filtering method on the same set of in vivo human native kidney data. The local SVD method used a square block size of 80 pixels with 75 overlapping pixels. One can clearly see that the spatially varying background noise can be effectively suppressed and the kidney vessels can be better visualized by the proposed method, due to the fact that noise within each block is approximately identically distributed and that the adaptive cutoff thresholds adjust locally for better extraction of the blood vessel signal. The actual thresholds chosen at each block are as shown in Figs. 7(d) and (e). The SNR and CNR of the vessel signals for the global SVD clutter filtering are 15.5 dB and 7.59 dB, respectively, compared to an SNR of 33.5 dB and CNR of 25 dB with the block-wise local SVD approach: a more than two-fold increase in SNR and more than three-fold increase in CNR in dB scale using the proposed method as compared to the global SVD filter without noise equalization. Moreover, the near field subcutaneous tissue and the strong noise in lower left and right corners of the image can be better suppressed using the proposed method compared to the global SVD approach. The SNR and CNR for the global SVD clutter filter plus noise equalization are 28.6 dB and 19.9 dB, respectively, which are significantly higher than global SVD without noise equalization, yet about 5 dB lower than the block-wise local SVD approach. As shown in Fig. 7(c) and Fig. 4(b) , small kidney cortex vessels with diameters of about 0.5 -1mm can be clearly resolved at a depth of about 4 cm using the proposed clutter filtering method. Figure 8 shows the final power Doppler images processed with different block sizes and a fixed step size of 5 (block overlap pixels = block size -5). Figure 9 shows the SNR, CNR, and computational times for each of the block size result in Fig. 8 . From Fig. 8 , one can see that the block-wise SVD clutter filtering does not offer benefit until a block size of 50, and provides similar results for block sizes from 80 to 150, until the background ramp-shaped noise and the near field tissue signal become prominent again at a block size of 200. The SNR and CNR plots in Fig. 9 (a) match these observations and indicate that the SNR and CNR both plateau at block sizes of 80 to 110 and gradually decrease with larger block sizes. For computational cost, as shown in Fig. 9(b) , the processing time grows ∼ n 3 with increased block size. This is not surprising noting the O(n 3 ) complexity of the SVD [20] . From block size of 80 to block size of 110, the SNR and CNR are virtually the same while the computational time almost doubled. Therefore, a block size of 80 was used for further testing of the optimal block overlap percentage. Figure 10 shows the selected power Doppler image results using different block overlap percentages for local SVD and computational cost plots versus the overlap percentages: 0% -90% with 10% increment (corresponding to overlap pixels from 0 to 72 with a block size of 80) and 93.75% (corresponding to overlap pixels of 75) which has been used in previous experiments. From the results one can see severe discontinuities are observed in the power Doppler images for overlap percentages smaller than 80%. The computational cost dramatically increases for overlaps greater than 80%. From a closer look of the power Doppler image of 80% overlap, one can still appreciate subtle "tile" patterns as compared to the 93.75% overlap image shown in Fig. 8 (block  size 80) . This suggests that further increasing the overlap percentage beyond 80% does improve the smoothness and visual appearance of the power Doppler images. However, 80% overlap offers a good tradeoff between the image quality and computational cost.
Various Block Size Experiments
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IV. DISCUSSION
This paper presents a block-wise local adaptive clutter filtering technique based on singular value decomposition (SVD) to address several key challenges of ultrasound small vessel imaging with high frame rate plane waves. A block-wise processing algorithm, together with robust and adaptive singular value thresholding (SVT) based on local data statistics, was proposed to facilitate better clutter rejection and improve SNR and CNR of the power Doppler images by multi-block averaging. The proposed method demonstrated significant improvement of background noise suppression for plane wave imaging, near-field subcutaneous tissue rejection, and a more than two-fold SNR increase and a more than three-fold CNR increase in dB scale over the existing SVDbased clutter filtering methods. Fine kidney cortex vessels with diameters less than 1 mm could be clearly resolved at a depth of 4 cm using the proposed technique, which is superior to existing ultrasound Doppler imaging techniques.
Due to the complex tissue components and noise distribution in in vivo human imaging, the performance of a global SVDbased clutter filter will usually be compromised. This is clearly revealed in the results shown in Figs. 7(d) and (e), where one can see that the SVT cutoff values can be significantly different across the FOV. Block-wise processing provides the opportunity of fine tuning the cutoff thresholds based on the distribution of tissue, blood, and noise within a local region, to achieve much improved clutter rejection and blood signal extraction. In this study we also proposed to use a high-order singular value cutoff threshold to reject the highorder singular values that mainly correspond to noise, in addition to the conventional low-order threshold to separate blood from tissue (Fig. 6) . The high-order cutoff may not be necessary for conventional Doppler imaging because larger vessels are the common targets in conventional Doppler. The blood signal strength of large vessels is typically superior to noise, and therefore separating blood signal from tissue is the primary goal for clutter filtering. For high frame rate small vessel imaging with large ensembles, however, the small vessel signals are much weaker than large vessels and their singular values are not too much higher than noise (Fig. 2(c) ). As shown in Fig. 6 , a high-order SVT cutoff based on both the singular value curve and singular vector Doppler frequency curve can effectively reject the noise, preserve the small vessel signal, and improve the SNR and CNR of the power Doppler image. Figure 8 shows that the local processing block size needs to be greater than a certain value (50 in this study) for robust clutter rejection. The optimal block size was found to be 80×80 in this study, which provides 6400 spatial samples over the 450 temporal samples. In practice one may need to adjust the block size according to the ensemble length to achieve optimal performance. A low block overlap percentage can be used for such a test to lower computational cost, and a high overlap can be used later for better visual appearance.
Previous adaptive clutter filters have been proposed by Yoo et al. [21] and Kargel et al. [22] . The adaptive clutter filter method by Yoo et al. utilized an adaptive filtering process but was Fourier transform-based and thus did not use an adaptive signal transformation mechanism (e.g., SVD or eigen-decomposition). Conversely, the study by Kargel et al. utilized an eigen-decomposition based signal transform process-which, unlike Fourier transformation is signal adaptive-but the selection of cutoff singular values was not adaptive. In this work, we synergistically utilize both an adaptive signal transformation and filtering procedure, which overcomes the respective challenges faced in each of the previous methods. As shown in the paper, the higher performance of the proposed method was mainly achieved by adaptively choosing the singular value cutoff thresholds based on local data statistics. Note that in this study we did not compare the proposed method with the adaptive Fourier transform-based method of Yoo et al., which is a limitation of this study. A similar adaptive method based on a Fourier transform instead of eigenvectors may significantly improve the computational performance. Figure 11 shows two more examples of kidney perfusion imaging and two examples of liver perfusion imaging processed with the global SVD filtering technique, the global SVD filtering plus noise equalization technique, and the proposed local adaptive SVD filtering method. The same processing parameters as used in Fig. 4(a) , including block size and block overlap percentage (80 × 80 pixels with 75 pixels overlap), were used for all the examples. It can be seen that the proposed method achieved better performance than the global SVD filtering approach and the global SVD plus noise equalization throughout all examples. More detailed vasculature could be resolved with the local adaptive SVD filter with significantly suppressed background noise and near field tissue signal, and substantially improved contrast. The local adaptive SVD filtering also showed robustness in processing different organs with different tissue and blood signal characteristics. No adjustments to the SVT cutoff values or noise equalization as for global SVD were necessary thanks to the adaptive and block-wise nature of the proposed method.
The proposed block-wise adaptive clutter filter method is a multi-ensemble-based clutter filtering technique. The spatial resolution of small vessel imaging, which is predominantly determined by the ultrasound imaging resolution (e.g. frequency, pulse length, etc.), should not be compromised by the proposed clutter filtering method because no spatial averaging was performed within each processing block. As a comparison, Fig. 11 . In vivo kidney and liver perfusion power Doppler images processed with the global SVD clutter filtering approach (upper row), the global SVD plus noise equalization approach (middle row), and the proposed local adaptive SVD clutter filtering method (lower row). Same processing parameters (80 × 80 pixels with 75 pixels overlap) were used for all examples. Fig. 12(a) shows the result of a single-ensemble-based eigenprocessing clutter filter [5] , [23] on the same set of kidney data as in Fig. 4(a) , together with the noise-equalized result. The single-ensemble-based clutter filtering provides more statistically stationary ensembles (i.e. less spatially-varying tissue motion) than the multi-ensemble approaches [5] , [23] . However, as compared to the proposed block-wise adaptive SVD filter (Fig. 7(c) ), the single-ensemble Hankel-SVD filter suffers more from noise contamination and tissue clutters. This may be because the single-ensemble SVD filter does not deploy a high-order singular value thresholding mechanism as proposed in this paper for noise suppression. The multiensemble SVD also provides more robust tissue and blood signal separation for the global and block-wise SVD methods than the single-ensemble Hankel-SVD. The SNR and CNR of the power Doppler image in Fig. 12(a) before noiseequalization are 12.56 dB and 3.54 dB, respectively, and 26.8 dB and 16.7 dB after noise-equalization, which are both lower than the global SVD (both before and after noiseequalization) and the block-wise local SVD methods (SNR of 33.5 dB and CNR of 25 dB). Meanwhile, the results show that the spatial resolution was not compromised by the block-wise adaptive SVD filter. The block-wise processing provides more spatial information about adjacent tissue and blood signals than the single-ensemble SVD filter, enabling more robust separation of tissue, blood and noise using singular value thresholding and better perfusion images. Figure 12 (b) shows the clutter filtering result from a conventional Butterworth IIR highpass filter (5 th order, cutoff frequency = 50 Hz, first 10 sampling points were discarded to suppress initialization effects). Figure 12(c) shows the clutter filter result from a regression clutter filter with quartic order [24] . For each spatial pixel, the long temporal ensembles were divided into small segments with 16 samples for quartic regression fitting. As compared to the proposed block-wise adaptive SVD filter (Fig. 7(c) ), both tissue clutter rejection and noise suppression are inferior to the proposed method. The contrast of the small vessels is also worse than the proposed method. The SNR and CNR are 12.21 dB and 2.49 dB before noise-equalization, and 26.8 dB and 15.9 dB after noise-equalization for Butterworth IIR filter, respectively; 11.71 dB and 1.81 dB before noise-equalization, and 26.1 dB and 15.0 dB after noise-equalization for the regression filter, which are all lower than the proposed block-wise local SVD methods (SNR of 33.5 dB and CNR of 25 dB). The weak flow signal amplitude and slow flow speed of small vessels make it challenging to separate blood from noise purely in the Fourier domain or by subtraction of tissue signal by regression fitting. The proposed method uses block-wise local SVD and a Marčenko-Pastur distribution based high cutoff method to effectively reject noise residing in the high singular value orders. This has been shown to greatly improve the SNR and CNR of the image as compared to the global SVD, singleensemble-based eigen-processing filter, and conventional IIR clutter filters.
In this study, only one set of in vivo data was used to compare the performance of different clutter filters. Ideally a simulation study with ground truth would provide a more stable platform for evaluation studies. Most current blood flow simulation methods use Gaussian white noise as the noise model [5] , [9] , [24] , which may not be the best noise model to simulate the spatially varying complicated noise we observe in vivo for compounding plane wave imaging-based small vessel perfusion imaging. In a future study, a better noise model needs to be developed to account for noise propagation from raw ultrasound RF channel data to the final beamformed image. This includes investigating the noise behavior with ultrasound gain settings (e.g., TGC) and the beamforming process (e.g., number of channels used in delay-and-sum, receive apodization, compounding, etc.), and integrating these observations into an analytical model to predict the noise at each spatial location.
The lower part of the power Doppler images processed by global SVD and other conventional clutter filtering methods are saturated by noise, while the proposed method is not thanks to the local power normalization and high-order singular-value thresholding within each processing block. Because of the lack of transmit focusing of diverging waves used in this study, the lower half of the image has lower SNR and therefore higher noise than the upper half of the image. Although it has been shown that the noise-equalization approach could significantly improve the appearance of the global SVD and other conventional clutter filter results, the SNR and CNR of the noise-equalized images are still significantly lower than the proposed block-wise adaptive SVD method. The small vessels are better visualized with the proposed method with higher contrast. The proposed block-wise SVD approach calculates locally adaptive low eigen-order cut-off values to robustly separate blood signal from tissue signal and high eigen-order cut-off values to reject noise (Figs. 7(d) and (e)). The blockwise SVD also normalizes the power locally so that it automatically equalizes uneven noise distribution. These benefits cannot be obtained from conventional methods and global SVD. The noise-equalization offers substantially improved visual appearance for the images processed by conventional clutter filters with significantly less computational cost than the proposed method. The drawbacks of the noise-equalization approach include: 1) the noise-equalization method only equalizes the intensity of the image across depths instead of actually rejecting any noise, as opposed to the proposed method; 2) the noise-equalization approach needs the reference phantom data to be acquired with the exact same imaging setup (e.g., TGC gain, transmit voltage, etc.) as the targeted data. When the imaging setup is changed, a new set of reference phantom data needs to be collected for equalization.
One limitation of the block-wise SVD clutter filtering, and for eigen-based clutter filtering techniques in general, is the relatively expensive computational cost compared to conventional high-pass-filter-based clutter filtering, especially for large block sizes and block overlap percentages. This is due to the O(n 3 ) complexity of the SVD [20] . For the global SVD clutter filtering performed in Fig. 1 , the processing time was 18.7 seconds. The fastest processing time with blockwise SVD was 25.7 seconds with block size of 80 and 0% overlap, while 472.3 seconds was needed to obtain the 80% overlap image with acceptable visual appearance. The majority of the computational cost comes from the SVD calculation on large matrices, which are typical for high frame rate plane wave imaging with long ensembles to boost up Doppler sensitivity. Use of compiled-rather than interpreted-programming languages such as C/C++ or high-throughput parallel computing platforms (e.g., Intel Xeon Phi) may significantly improve the computational speed of the proposed method. Use of stochastic approximate SVD strategies [25] may also lead to substantial computational acceleration, and will be Clutter filter results using different number of temporal ensembles and data acquisition duration. All power Doppler images are displayed under 40 dB dynamic range. Bottom plot shows the SNR and CNR of the power Doppler maps versus different ensemble lengths. studied in a separate, future work. In additional to the high computational cost, the long data acquisition time (typically several hundreds of milliseconds) also remains as a major hurdle towards real-time implementation of the plane wave small vessel imaging technique. Figure 13 shows examples of the impact of data acquisition time on small vessel imaging. Given a PRF of 500 Hz used in this study, the original data was truncated to 100 ensembles (200 ms acquisition), 50 ensembles (100 ms acquisition) and 25 ensembles (50 ms acquisition), to reflect a theoretical frame rate (i.e. ignoring computational cost, etc.) of 5 Hz, 10 Hz, and 20 Hz, respectively (the original 900 ms acquisition corresponds to about 1.1 Hz frame rate). From Fig. 13 , one can clearly see a degradation of image quality with decreased number of ensembles, which is also quantitatively indicated in the SNR and CNR plot. With a potential frame rate of 5 Hz, the 100 ensemble length provides a moderate to good visualization of the vasculature of the kidney cortex, which suggests a balanced tradeoff between image quality and frame rate. However, ideally a long ensemble length is preferred to increase Doppler sensitivity and achieve best visualization of the detailed vasculature. One potential solution to the low frame rate is to combine the small vessel imaging with conventional real-time Doppler imaging, which can be used to first locate the targeted imaging region, and then followed by high frame rate plane wave transmissions to provide a snapshot of the detailed vasculatures of the target. Moreover, although only power Doppler results were presented in this paper, other Doppler measurements such as color flow and spectral Doppler can be retrospectively obtained for each individual vessel within the FOV based on the high frame rate plane wave imaging data [26] , [27] . These combined measurements may be very useful in a wide range of clinical applications.
V. CONCLUSIONS
This paper presents an SVD-based block-wise adaptive local clutter filtering technique that can substantially improve clutter rejection and small vessel imaging quality for high frame plane wave ultrasound. The proposed technique successfully overcame the challenges of small vessel clutter filtering for in vivo human imaging by facilitating robust singular value thresholding on a local level and combining the results for improved imaging quality. This method can facilitate the translation of high frame rate ultrasound small vessel imaging from laboratory to clinic, and has great potential for early detection, diagnosing, and follow up of many diseases.
